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Abstract
Th is study examines the diff erences and similarities in the perceptions of popular tourist destinations 
between the English and German media in an empirical and quantitative way. Th e perception of a 
tourist destination country is measured by the sentiment in the media in the tourists' countries of 
origin — either the UK or Germany. Th e study measures such perceptions with the help of a Long 
Short Term Memory (LSTM) artifi cial neural network that analyzes the perceptions in publicly avail-
able news streams in the UK and Germany. Th e results show that the online media indeed generates 
diff erent perceptions for some of the popular travel destinations. An equally interesting fi nding is 
that there is, in general, a broad consensus between the sentiments in the British and German media. 
Businesses in the tourism and hospitality sectors, news providers, political actors, and policymakers 
can use the methodology to analyze the source of this information gap and the impact on their opera-
tions and policies.
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Introduction
While the European countries share many common values, standards, and views, there are also many 
diff erences between them. Two of these diff erences are the behavior of tourists across diff erent Euro-
pean countries and their preferred travel destinations. Th e World Tourism Organization (UNWTO), 
EUROSTAT and national statistics offi  ces provide timely data for tourism fl ows in popular tourist 
destinations for Europeans that tracks these diff erences. Th is study tries to analyze whether conventional 
tourism demand models can explain all these diff erences or whether there are additional diff erences in 
the perceptions of tourist destinations that infl uence the tourism fl ows. 
Th ere is a large number of studies that nowcast, forecast or explain the tourism fl ows in almost all 
countries with a considerable number of inbound travelers. Th ese studies utilize many diff erent metho-
dologies ranging from econometric and time-series models, to the analysis of historic reasons and the 
analysis of the behaviour of potential travellers in the web (see e.g. Dogru, Sirakaya-Turk & Crouch, 
2017; Dinis, Costa, Pacheco & Osvaldo, 2017; Li, Pan, Law & Huang, 2017; Song & Li, 2008; and 
many more). Conventional models analyze the diff erences by means of exchange rates, disposable 
incomes, the distance to travel, and some more factors. Further studies analyze the historical and in-
dividual reasons that go beyond the conventional models for tourism fl ows. Th ese studies include, for 
instance, refugee fl ows, immigration and emigration fl ows in the past, or relations from the colonial 
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period (see e.g. Moufakkir, 2014; Seetaram, 2012). Lately there are more and more studies that analyse 
the behaviour of potential travellers in the web based on big data to estimate the tourism demand. For 
instance, Dinis, Costa, Pacheco and Osvaldo (2017) could show that the search engine query volumes 
are a good indicator for the tourism demand in Portuguese regions.
Most diff erences in tourist fl ows of diff erent countries are explained well by the existing studies. In 
this study, we try to complement this existing knowledge about tourism fl ows with knowledge about 
diff erent perceptions of European travelers in respect of popular tourist destinations. We analyze 
whether there are diff erent perceptions in relation to popular tourist destinations and whether these 
diff erences infl uence tourism fl ows. A preceding study analyzed the impact of the sentiment in the 
German-speaking media on tourist arrivals in popular tourist destinations for Europeans (Starosta, 
Budz & Krutwig, 2019). Th is study shows that the German-speaking media exerts a strong infl uence 
and there is a strong correlation with tourist arrivals in popular tourist destinations for Europeans. A 
further study shows how diff erent types of news reports in the German-speaking media and diff erent 
types of events in the destination countries lead to diff erent reactions on the part of the travelers, and 
how these news reports and events can be classifi ed (Starosta, Budz & Krutwig, 2018). Th is study 
classifi es diff erent types of news reports which lead to stronger or weaker reactions and arousal levels 
of travelers. Starosta et al.'s (2019) fi ndings on the relationship of the German-speaking online news 
sentiment with tourist arrivals in popular tourist destinations for Europeans lead to the question 
whether the news reporting in other countries of origin is similar and whether diff erences in the per-
ception are refl ected in the tourist arrivals in the destination countries as well. Th is analysis will show 
if the perceptions are refl ected in the tourist arrivals or whether conventional models comprehensively 
explain the diff erences in the behavior of British and German travelers.
Th e UK and Germany are both western European countries, have some common tourist destinations 
(See Table 1), a similar median disposable income (Germany $25,140, UK $21,576), and the distances 
to the destination countries are not too diff erent, as the average distance between the UK and Germany 
is only ~800km. Furthermore, both countries are not located at the Mediterranean Sea, and do not 
host any domestic summer holiday hotspots for Europeans. Because of their similar tourism relevant 
characteristics, a comparison between the UK and Germany is a reasonable choice for this study.
Instead of directly surveying the perceptions of the citizens in the UK and Germany, we measured the 
sentiments in the online media of the UK and Germany toward popular tourist destinations for Euro-
peans. Th is is a cost-eff ective way compared to a direct survey of the perceptions. Th e sentiment in the 
media is a very good proxy for the perceptions of the citizens and travelers to measure the sentiment 
toward foreign countries. Several studies show that the online media in a country is the opinion-former 
par excellence, and even that the opinions in the media and the perceptions of the consumers — in 
this case, travelers — are mutually reinforcing.
We measure the perceptions of British and German travelers in a computer-based manner, with the 
help of a LSTM artifi cial neural network that analyzes the perceptions in the British and German 
media toward popular tourist destinations for Europeans. Th e algorithm classifi es the news of two very 
comprehensive news streams in UK and Germany. At fi rst, the software determines — based on full 
text searches — if a news article belongs to one of the destination countries under observation and 
then classifi es the sentiment of the news article as either positive or negative. Th e information about 
the number of positive and negative news articles per day is used to generate the sentiment indices and 
to display the development of the sentiment over time. To create the sentiment indices, we aggregate 
the number of positive and negative news into a single time-series index. Each tourist destination gets 
two sentiment indices, one with the British and one with the German sentiment. Th ese time-series 
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can then be compared between the UK and Germany to fi nd out the similarities and diff erences in 
the sentiment and also with the corresponding tourist arrival series. Th e result provides a clear view 
of the diff erences (and similarities) in the perceptions between British and German travelers and also 
shows how this is refl ected in the tourist arrivals. Hence, we can see whether there is an impact of the 
diff erent perceptions on the tourist arrivals.
With this new information, we want to show that Germany and the UK have diff erent perceptions of 
some travel destinations, which might also aff ect tourist arrivals that go beyond the classical models 
— which overlook tourist perceptions. Th is information can be useful to analyze the causes for the 
diff erent perceptions and acknowledge the issues that might arise for businesses and politics, based on 
these diff erent views.
Theoretical foundations
Starosta et al.'s (2019) fi nding that the tourist arrivals in many popular tourist destinations for Euro-
peans are strongly connected to the sentiment in online media provided the impulse to this study. 
Th eir study shows that the sentiment in the German-speaking online media is a good indicator of the 
number of tourist arrivals in the most popular destinations for Europeans. If this is the case, however, 
the perception of destinations in other European countries and other language areas should be similar, 
and diff erences should arise in the tourist arrivals as well. Many studies show how the perceptions for 
international relations are formed by the mass media and how important their role is in forming the 
opinions of citizens. McComb and Reynolds (2002) and Wanta, Golan and Lee (2004) show how good 
the media is in setting the agenda for the citizens and at determining what people should talk about. 
Wanta et al. (2004) points out that the citizens are much more likely to think in a negative manner about 
a country if it receives negative news coverage, and that this, of course, infl uences travelers' booking 
decisions. Brewer, Graf, and Willnat (2003) found out that a "news story that presents a frame linking 
an issue to a foreign nation in a way that suggests a particular evaluative implication may shape how 
audience members judge that nation." Zeitzoff  (2016) even found evidence that armed confl icts are 
infl uenced by social media. While our focus is on the infl uence of the media on international relations, 
many other diff erent studies analyze various topics of media infl uence in diff erent areas. 
Apart from Starosta et al. (2019), who try to explain the tourist arrivals based on the perceptions of the 
travelers on the destination country, the domain of tourism research constitute the foundations of the 
conventional tourism demand models and the conventional explanatory variables. Song and Li (2008) 
summarize most conventional tourism demand models based on time-series and econometric models 
that have been used between 2000 and 2008. Dogru et al. (2017) show ways on how to enhance the 
existing tourism demand models. Apart from these conventional models, some other recent studies 
in the domain of tourism research apply models that use machine-learning, artifi cial intelligence, and 
big data. Th e studies range from sentiment analysis to the analysis of unstructured data from the web 
and the use of search-engine query volumes. Li et al. (2017) create a method to forecast the tourism 
demand based on search-engine query volumes. Dinis et al. (2017) use a similar approach to forecast 
the tourism in diff erent regions of Portugal. Th ey found that the number of searches for a specifi c 
region and the overnight stays correlate strongly. While search engine query volumes and the analysis 
of social media posts are a reasonable approach to tourism forecasting, we still expect that the senti-
ment analysis of online media has a stronger lead to the tourist arrivals than the social media posts 
and search engine query volumes. Th e longer lead can be explained by the decision-making models of 
consumers and travelers of Mathieson and Wall (1982), Howard (1963), Lattin and Roberts (1991), 
Woodside and Sherrell (1977), and Sirakaya and Woodside (2005). All models show that destinations 
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will probably not be considered at all for the next holiday if the media reporting is too negative. Th e 
result of this opinion-forming process, based on the media, is that there will be no social media posts 
and no active search process as regards the destinations. 
Apart from the methods that engage big data and search engine query volumes, there is a large num-
ber of studies in the domain of tourism research that use sentiment analysis methods. In contrast to 
this study, they usually focus on customer care and microeconomic data like automated mail analysis 
or the analysis of travel reviews. Ye, Zhang and Law (2009) use machine learning-based sentiment 
analysis to analyze the reviews of travel destinations. In addition, they evaluate the quality of diff er-
ent approaches. González-Rodríguez, Martinez-Torres and Toral (2016) analyze the image of travel 
destinations after the visit and the infl uence of the then-created online reviews. Ren and Hong (2017) 
do not just analyze the sentiment of entire online reviews, but implement an algorithm with a deeper 
textual understanding that analyzes the sentiment toward diff erent aspects of each review. Chaabani, 
Toujani and Akaichi (2017) provide one of the rare sentiment analysis studies that focus on macro-
economic structures of tourism. Th ey analyze the perceptions of Tunisia in the media after the Arab 
spring and the impact on tourism. Instead of analyzing the sentiment in the media, Yuan, Liu and 
Wei (2016) use the existing dataset "Th e Global Data on Events, Location, and Tone" to model the 
tourism demand and the image of China. Recently also a few studies in the tourism domain employ 
LSTM networks for their sentiment analysis and demand forecasting. Law et al. (2019) could show 
that LSTM networks can help at the feature selection for tourism demand forecasting and how this 
could lead to improve forecast in general. Li and Cao (2018) used an LSTM network for pure time 
series forecasts and could outperform Auto Regressive Integrated Moving Average (ARIMA) models 
and less sophisticated neural networks. Rizal, Soraya and Tajuddin (2019) confi rmed parts of these 
fi ndings while trying diff erent LSTM models. Martin et al. (2018) could show that LSTM networks 
are the most robust and accurate estimators for classifying the sentiment in comments made on book-
ing.com and tripadvisor.com for hotels located on the island of Tenerife.
In addition to the sentiment analysis studies, there are further studies that analyze the impact of ter-
rorism, war, instability, and shocks on tourism. Th ese are important complementary studies, since 
these events are refl ected in the media before they surface in any other indicator. Sentiment indices 
are especially useful to nowcast and forecast the impact of these events. Sönmez and Graefe (1998) 
provide a comprehensive review of several studies on terrorism and the impact on tourism. A more 
recent interesting study that analyzes the image of a country from a slightly diff erent viewpoint is from 
Kotler and Gertner (2002), who propose treating a country as a brand and maintaining and analyzing 
the image in a manner similar to that of a product.
Th e foundations for the sentiment analysis and the LSTM neural networks are provided by the do-
main of computer science. Pang and Lee (2008) created the fi rst comprehensive survey of sentiment 
analysis studies. Th ere are many approaches to analyze the sentiment in diff erent types of text, starting 
from simple approaches, such as counting the occurrence of words and n-grams that are characteristic 
for positive and negative texts and Naïve Bayes, and then going to more advanced machine learning 
techniques like logistic regression, support vector machines, conditional random fi elds, and artifi cial 
neural networks. Even simple algorithms like Naïve Bayes perform well enough in many cases to dis-
tinguish positive from negative texts. Domingos and Pazzani (1997), Endres (2003), and Potts (2011) 
even show that 85% of correct sentiment predictions could be reached when just negative and positive 
texts need to be distinguished. Liu (2015) provides an excellent summary of current sentiment analysis 
methodologies. Zhang, Wang and Liu (2018) created a survey of the application of deep learning for 
sentiment analysis. Th eir study shows that the approach of this study is state of the art.
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Th is study uses a LSTM artifi cial neural network, as proposed by Hochreiter and Schmidhuber (1997) 
and Gers, Schmidhuber, and Cummins (2000). Th is is a state-of-the-art supervised learning algorithm. 
To enhance the performance of the sentiment analysis algorithm, the data vectorization is also done 
with state-of-the-art word vectorization models, as proposed by Mikolov, Chen, Corrado and Dean 
(2013). Th e methodology that is used, therefore, leads to up-to-date results, as the latest fi ndings in 
computer science are applied to this study. 
Other studies in the domain of sentiment analysis and the impact on stock and fi nancial markets are 
often from the fi eld of applied computer science. A more comprehensive review of these studies is 
given in Starosta et al. (2019). 
Th e methodology of some studies from the fi elds of economics provides further foundations for this 
study. As this study focuses on macroeconomic phenomena and not on marketing or microeconomic 
tourism specifi c questions, some economic studies are more similar to this study than any research 
in the tourism domain. Th e studies from Daas and Puts (2014), Förschler and Alfano (2017), and 
Shapiro, Sudhof and Wilson (2017) try to forecast or nowcast economic indicators with the help of 
sentiments in the media. Daas and Puts (2014) forecast the Dutch consumer confi dence with the help 
of messages in social media. Förschler and Alfano (2017) analyze the correlations between fi nancial 
news and the leading German indices. Shapiro et al. (2017) from the Federal Reserve Bank of San 
Francisco show that some business cycle indicators strongly correlate with their proprietary sentiment 
indices. Th e methodology in this research is similar to the study of Daas and Puts (2014), Shapiro et al. 
(2017), Förschler and Alfano (2017), and Starosta et al. (2019), but uses a more recent methodology 
and algorithms and has a diff erent focus. While these studies try to fi nd correlations between media 
sentiments and economic indicators or economic phenomena, this study is a multi-language study 
that tries to measure the diff erences in the perceptions between the UK and Germany. 
Research question
Most diff erences in the tourism fl ows between Germany and the UK and the diff erences pertaining 
to their favorite tourist destinations can be explained by classical tourism demand models and exist-
ing explanatory variables in the current literature like disposable income, distance to destination, and 
many others (summarized by Song and Li (2008)). Further diff erences can be explained by historical 
assumptions like past immigration fl ows. Th is study tries to clarify whether there are further diff erences 
in the perceptions of German and British travelers that contribute to the divergences in the tourist 
fl ows and the favorite tourist destinations.
Th e null hypothesis is that there is no big diff erence in the perceptions of British and German travelers 
and that the diff erences in tourism fl ows can be explained by the existing assumptions.
H0: Th e perceptions of popular destinations do not diff er between British and German travelers and 
the diff erences in tourism fl ows are explained exhaustively by the existing models and assumptions.
Th e media in the UK and Germany state that they are objective, no news is deliberately kept secret, 
and that the most important news is delivered in a timely manner.
Hence, the hypothesis seems reasonable, and news reporting in UK and Germany should be similar, 
and, so, the perceptions that are conveyed by such news reporting should not diff er much.
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Methodology
Th e study is divided into several steps of data acquisition and data analysis. Th ese are explained in the 
following sections. 
Data sources
To analyze the diff erences in tourist arrivals, we used the tourism statistics data of  the national sta-
tistics offi  ces GfK Marktforschung Germany and Offi  ce for National Statistics UK. Table 1 lists the 
most important tourist destinations for travelers from the UK and Germany. Apart from the most 
important tourist destinations, we analyzed the diff erent perceptions of some more popular European 
tourist destinations, as shown in Table 3. To conduct the analysis of the diff erences between the favorite 
destinations, we accounted for overnight stays, rather than the trips or expenditures. We expected that 
overnights were the most important factor for our study, as they defi ne the interest of travelers to stay 
for a longer period. In contrast, the number of trips might be biased by business trips, and expenditures 
are dependent on the price level in the destination country.
Table 1
Favorite tourist destinations (nights) 2018
Country 1 2 3 4 5
Non-domestic 
nights (thousand)
(%)
UK
Spain
(11.5)
France
(6.6)
USA
(4.7)
India
(2.3)
Italy
(2.3)
563,945
(63.8)
Germany 
Spain 
(12.7)
 Italy
(9.6)
Austria 
(4.7) 
Turkey
(3.7)
Greece 
(3.6)
798,017 
(59.1)
Source: For Germany: GfK Marktforschung (2019); For UK: Offi  ce for National Statistics (2019).
To analyze the media sentiments, we sourced news reports from publicly available news streams in the 
UK and Germany. In the period between January 2010 and July 2017, there were 1,464,689 news 
items available in the German news stream and 1,003,265 in the UK news stream. Th e news streams 
were broadly based, and covered various topics similar to the daily press. Table 2 displays the analysed 
sources and their number of articles.
Table 2 
Analyzed news sources and number of articles
Country Source Website Number of articles
UK Daily mail www.dailymail.co.uk 571,412
UK Financial times (UK version) www.ft.com 349,957
UK Guardian www.theguardian.com 81,896
Germany FAZ www.faz.net 430,958
Germany Zeit www.zeit.de 250,383
Germany Finanzen.net www.fi nanzen.net 783,348
Data selection
All news articles that contained the name of the destination country at least three times were consid-
ered as being somehow related to the destination country. Table 3 shows the details and the number 
of retrieved news items for each of the tourist destinations.
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Table 3 
Available news for favourite tourist destinations 
Destination
Number of articles 
in stream 
Jan. 2010 – Jul. 2017
(Total 1,003,265)
UK
Number of articles 
in stream
Jan. 2010 – Jul. 2017
(Total 1,464,689)
Germany
Austria 630 7,545
Croatia 152 253
Egypt 912 2,358
France 6,388 6,709
Greece 5,259 18,802
India 8,323 2,300
Italy 4,677 9,841
Portugal 1,416 2,419
Spain 4,060 5,766
Tunisia 544 229
Turkey 2,949 4,585
USA 80,505 78,175
Analysis of perceptions in the media
Th e analysis of the perceptions in respect of every news item in the news corpus of the study was 
conducted by using a supervised learning algorithm, a Long Short Term Memory (LSTM) artifi cial 
neural network. Th e LSTM network learns the characteristics of positive and negative news in English 
and German media, based on training samples.
To learn the characteristics of positive and negative English and German news, we used a gold standard 
training corpus of 3,000 positive and 3,000 negative news items each in English and German. Th ese 
were created with Amazon MTurk and manual sampling inspections by the authors.
Th e sentiment analysis pipeline consists of two major steps  —  vectorization of the input and training 
data and the machine-learning itself — which will be explained in detail in the following sections.
To generate machine-readable text that can be utilized by machine learning algorithms, a vectorization 
of the words and n-grams of a text is necessary. We vectorize our data with the help of the Word2Vec 
model, as proposed by Mikolov et al. (2013). Th e Word2Vec algorithm is a two-layer neural network 
that transforms words into numerical vectors of 300 dimensions. Th e purpose and usefulness of 
Word2vec is to group the vectors of similar words together in a vector space. It mathematically de-
tects similarities, based on the distance of the words in the training corpus. To detect the distance of 
the words, we use the Skip-gram algorithm, which uses a word to predict the context around it (see 
Mikolov et al., 2013). Figure 1 shows the projection from the current word (w(t)) to the words in the 
context (w(t±n)). Th e words with their corresponding context are modeled as time-series because they 
are arranged by the time of their appearance.
If a feature vector that represents a word cannot accurately predict its context, the components of the 
vector are optimized by the neural network to better represent the context. While 300 dimensions 
seems to be a large space, it is still much more compact than most sentiment algorithms, which use 
an even more sparse space, where every word has its own dimension.
325-452 Tourism 2019 04ENG.indd   411 19.12.2019.   13:08:17
412TOURISM Original scientifi c paperKejo Starosta / Cristian Bogdan Onete / Sonia Budz / Michael Krutwig
Vol. 67/ No. 4/ 2019/ 405 - 422
Figure 1
Skip-gram algorithm
To train the Word2Vec model, we use the English and German Wikipedia dumps and the available 
news in our corpus (also news articles without any country name, see Table 2).
Manual sampling inspections of the model show that similar or complementing words are close to 
each other in the trained vector space and that popular tests published in Mikolov et al. (2013) work. 
Th e words oak, elm, and birch cluster in one corner, while war, confl ict, and strife huddle together 
in another. As a test of the calculation, the closest vector to vector ("Berlin") - vector ("Germany") 
+ vector ("France") is vector ("Paris"). We now use the Word2Vec thus created to vectorize the news 
articles. Th e word vectorization using the Word2Vec algorithm has several advantages. Th e vectors of 
the Word2Vec algorithm already provide a deeper textual understanding than most other vectorizations 
as they group the word vectors in meaningful ways. No further stemming of the words is needed, since 
similar words get assigned similar vectors even in a more reasonable way than what the Porter stemmer 
(Porter 2008) can provide. Word2Vec averts many vocabulary quirks and is the most recent recom-
mended way of vocabulary creation and word vectorization. It is also recommended by the Eclipse 
Deeplearning4j Development Team (2018). In the LSTM neural network for the sentiment analysis, 
we use the Word2Vec word vectors as input feature vectors.
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For the sentiment analysis, we use a standard LSTM neural network. A LSTM network is a recurrent 
neural network that can take sequential data — such as text in the course of this study — as input 
data; therefore, we treat the news articles in the further steps as time-series of words. At each word, 
the neural network ingests the features — word vectors created in previous step — and the output 
is passed to the next word. While the output could also be a time-series of words that represents the 
sentiments of each word in the sequence of a whole article, we are only interested in the sentiments 
at the end of the articles. 
Th e advantage of sentiment analysis of LSTMs compared to other neural network architectures is that 
it can capture long dependencies in sentences and documents and, so, provide a deep textual under-
standing of the sentiment analysis. A LSTM neuron can selectively choose what it should remember 
and what it can forget. It is, for instance, possible for the LSTM to take the previous weight states 
unchanged in the occurrence of a word that carries no sentiment information. Th is might happen if 
the current word is just a fi ller word or a stop word. Th is is how the long-term memory is realized. 
With the forget gate, the LSTM can also decide to forget the previous state. Th e LSTM is also able to 
combine the previous state and the current state and interpolate a new state. 
Figure 2 
LSTM cell
Recurrent
Output
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Input gate
Block Input
Input
Input
Input
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Forget gate
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Figure 2 displays a standard LSTM cell or neuron. In order to understand how the state of the network 
is updated (or not), the following steps will explain the process in depth.
First, the network computes the information for the input gate i_t, which defi nes how much infor-
mation can pass the input gate (see Equation (1)). How much information can pass the input gate 
is defi ned by the input weight matrices ??
?????????????????????
 and ??
??? ?? ? ?? ? ?? ? ?
, the current input ??
? ? ? ?
, the recurrent input ????
?????????????????????
, and 
the input bias vector ??
??? ?????????????????
.
?? ? ???????? ? ?????? ? ???
?????????????????????
           (1)
What information should pass the input gate is defi ned by the memory cell input ??
?? ? ? ??????????
 (see Equation 
(2)), which depends on the cell input weight matrices ??
??? ?? ???? ????? ?
 and ??
? ? ?? ?? ? ?
, the current input ??
?? ? ? ? ?
, the recurrent 
input ????
? ?? ?? ? ?
, and the cell input bias vector ??
? ? ??? ??? ?? ?? ???
.
?? ? ????????? ? ?????? ? ???
?????????????????????
           (2)
Apart from the calculation as to how much information from the input gate should be used to update 
the network, another question is how much of the current cell state can be discarded or forgotten 
because it carries no information for our problem. Th e forget gate defi nes how much information can 
be discarded (see Equation (3)). Th is is again infl uenced by the forget input weight matrices ??
?????????????????????
 and 
??
?????????????????????
, the current input ??
? ? ?? ? ?
, the recurrent input ????
?? ?? ? ? ? ?
, and the forget input bias vector ??
??? ?????????????????
.
?? ? ??????? ? ?????? ? ???
?????????????????????
           (3)
With the above parameters, the LSTM network can calculate the new cell state ??
?????????????????????
 with Equation (4).
?? ? ?? ? ?? ? ?? ? ????
?????????????????????
           (4)
How much information can pass the output gate is defi ned by the output weight matrices ??
?????????????????????
, ??
? ? ?
, and 
??
?? ?? ????? ?? ?? ?
, the current input ??
? ?
, the recurrent input ????
? ? ? ?
, the current cell state ??
? ? ? ? ? ?
, and the input bias vector 
??
?????????????????????
 (see Equation (5).
?? ? ?????? ? ?????? ? ???? ? ???
?????????????????????
           (5)
Finally, the new output  is defi ned by Equation (6).
?? ? ?? ? ????? ???
?????????????????????
           (6)
After determining the weight matrices for all neurons with the help of the gold standard training corpus 
and the truncated backpropagation through time (BPTT) algorithm — as described by Williams and 
Peng (1990) — any news article can be classifi ed with the LSTM network.
Figure 3 shows the network architecture unrolled over all time steps (words). Th e LSTM takes an 
input vector of 300 dimensions which is the word vector created by the Word2Vec algorithm. Th e 
LSTM step reduce the dimensions to 256, which are passed to a recurrent neural network (RNN) 
that calculates the output on the two output gates – one for each category. Th e maximum number of 
time steps (words) used in this study is 1000. News articles longer than 1000 words were truncated. 
We derived this architecture from Patterson and Gibson (2017) and Martin et al. (2018) and we could 
confi rm the very good characteristics of it with our evaluation methodology. 
We performed the evaluation of the algorithm with the help of a 6-fold cross-validation. For the cross-
validation we split up the gold standard training corpus of 3000 articles into six chunks of 500 articles. 
We then used 5 chunks to train the network and the remaining chunk to test the trained algorithm. 
Th is procedure was done was done until all chunks were tested. Th e aggregated results for both lan-
guages show that this advanced sentiment analysis methodology leads to 89.4% correct classifi cations 
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while all confusion matrices of the cross-validation show a very low dispersion. Continuous sampling 
inspections confi rm that this performance is also reached outside the training set. 
Figure 3 
Network architecture
Building perception index
To directly compare the perceptions in the German and British media over a longer period, we build 
a perception index that shows the media perceptions over time.
With the help of the algorithm from the previous section, we were able to classify all the news items 
that we found in Table 3, either with the English model or with the German model. With this infor-
mation, we were able to build four time-series for each destination country — one for the number of 
positive and one for the number of negative news items for each language. To create comparable data, 
we aggregated the positive and negative news series of each destination country to an overall sentiment 
series of the country.
???????????? ? ? ?????????????? ? ??
??
????????
??
????? ? ?
??
????????
??
????? ?
?????????????
           (7)
Equation 7 shows how we calculated the perception time series for each country.
Correlation and Regression Analysis
To verify or falsify the hypothesis, we conducted a correlation analysis between the sentiment indices 
of the UK and Germany for each destination. 
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To carry out this analysis, we used the ordinary least squares estimator [OLS], as displayed in Equa-
tion (8). 
? ? ?? ? ?????? ? ?
?????????????
           (8)
where ????
?????????????
 is the index data of Equation (7). However, as there are heteroscedasticity and autocor-
relations in our time series, and it is not a reasonable approach to create diff erent models for diff erent 
countries, we used Newey-West standard errors to address the problems that arise with OLS estimators 
because of the existence of these properties.
To measure the goodness of fi t between the British and German sentiment indices for each destination, 
we used the coeffi  cient of determination adjusted by the degrees of freedom ????????
?????????????
.
To verify the null hypothesis, the indices should correlate strongly, and we reject the null hypothesis 
H0 if the ??????
? ???????????
 < 0.5.
Results
Table 4 shows the results for the popular tourist destinations under observation. Th e table displays 
the strength of the correlation between the British and German sentiment indices for each destination 
country. In most cases, there is a strong correlation between the perception indices, which shows that 
there is a strong agreement on the topics and their interpretation in the British and German media. 
Th is is the behavior our null hypothesis expects and what should happen if the news reporting is neu-
tral and objective. In contrast, the verifi cation of the hypothesis failed for Austria, Croatia, Egypt, and 
Turkey. (Note that we reject the null hypothesis when the correlation is weak). Figure 4 and Figure 5 
illustrate the detailed behavior of the sentiment time-series in comparison to the tourist arrivals and 
the number of news items. Th e green and purple lines display the sentiment in the German and the 
UK news reports for which we conducted the correlation analysis. Th e black lines are only for informa-
tion and show the tourist arrivals as published by the Ministry of Tourism and Culture, Turkey (2019) 
and Statistics Austria (2019). Th e bar charts display the number of relevant news items in the news 
corpus. Th ese exemplary fi gures clearly show the diff erences in British and German media reporting 
for Austria and Turkey.
Table 4 
Sentiment correlation between 
British and German media
Destination Adj r2
Austria 0.351
Croatia 0.362
Egypt 0.489
France 0.814
Greece 0.993
India 0.952
Italy 0.841
Portugal 0.981
Spain 0.647
Tunisia 0.861
Turkey 0.184
USA 0.994
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Figure 4 
Time-series of diff erent perceptions of Austria in Germany and the UK
Figure 5: 
Time-series of diff erent perceptions of Turkey in Germany and the UK
325-452 Tourism 2019 04ENG.indd   417 19.12.2019.   13:08:19
418TOURISM Original scientifi c paperKejo Starosta / Cristian Bogdan Onete / Sonia Budz / Michael Krutwig
Vol. 67/ No. 4/ 2019/ 405 - 422
Discussion
Th e null hypothesis could indeed be rejected for some countries and there are indeed considerable 
diff erences in the media reporting on some countries in the British and German media. We could 
show that there is a diff erent sentiment and diff erent perceptions in the media reporting for the same 
events in Austria, Turkey, Croatia, and Egypt.
Th e diff erent perceptions do not just appear in the media reporting, but are refl ected in the diff erent 
popularities of destinations between British and German travelers as well (see Table 1). For Austria and 
Turkey — which are the third and fourth most popular destinations for German travelers — the null 
hypothesis can be rejected. Th e popularity of these countries is much lower for British travelers and 
they are not in the top destinations at all. While Austria only has a few British travelers, Turkey is an 
important tourist destination for British travelers as well and is in the top 10 list of top destinations in 
the UK.  Apart from these very important destinations, our analysis also rejects the null hypotheses for 
the less important destinations, Croatia and Egypt. Th e following sections will elaborate the reasons 
for the rejection of the null hypothesis.
Th e sentiment in the news coverage of Austria in the UK news was relatively neutral between 2009 
and 2015, but then it took a negative turn. Th is started with the beginning of the European migrant 
crisis. Austria — as one location on the "Balkan" route for refugees from the Middle East and also a 
target country of asylum seekers — was heavily aff ected by the European migrant crisis. While the 
news reporting in the UK was negative and the sentiment indices persistently deteriorated until the 
end of the observation, the sentiment in the German media did not react at all by the decisions and 
the actions of the Austrian government during the migration crisis. Instead, the German sentiment 
indices toward Austria kept increasing. As a closer look shows, the opinions drifted apart because of 
diff erent judgments in the British and German media with regard to the refugee policies implemented 
by Austria. Interestingly, the sentiment in the media changed in a profound way and the negative news 
reporting continued till the end of the observation, it is possible that further factors contributed to 
the negativity in the news in the UK. Among others, there might be Brexit-related factors that further 
divided the perceptions.
Th e movements of the sentiment indices for Turkey are diff erent. Th e sentiment index that refl ects the 
sentiment in the German online media perfectly fi ts the Turkish tourist arrivals ( 0.899), which is an 
interesting fact, considering the political turmoil in Turkey in the period of observation. In contrast, 
the news reporting in the UK media was very negative even before the political turmoil. Th e auto-
cratic shift that happened in Turkey before — and with an accelerated pace after the coup attempt in 
July 2016 — had a strong impact on the perceptions in the German news, with heavily deteriorating 
sentiment indices. Th e UK media had bad news reporting about the autocratic shift as well, but it was 
not worse than the bad news reporting before, so the sentiment indices for Turkey in the UK were 
decreasing at the same pace as before the autocratic shift; no change in the direction or the slope of 
the indices could be identifi ed. Even if one explanation might be that Germany has a large number 
of citizens of Turkish origin (2,851,000 [2015], 4% of the population) — which will lead to some 
bias in the analysis — the results are still interesting. In a Europe with unbiased and objective news, 
the news reporting in a country should not depend on the origin of its citizens. Vice versa, too, the 
number and strength of prejudices and stereotypes in respect of a destination country should not be 
smaller or stronger, depending on the country of origin.
Th e behavior of the sentiment indices is very similar for Croatia. While the sentiment in the Ger-
man media reports was positive most of the time in the observation period and only worsened when 
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Croatia closed its borders to Serbia — because of the European migrant crisis and the refugee fl ows 
on the "Balkan" route — the sentiment in the British media reports was negative during the entire 
observation period. 
Th e last interesting case is Egypt, where many events occurred during the observation period, which 
also contained the Arab Spring: Th e overthrow of President Mubarak in February 2011, the overthrow 
of President Mursi in July 2013, and the bombing of a fl ight in October 2015. Th e sentiment in the 
German media reacted very strongly to every event and the media presence of the events was very high. 
In comparison, the media in the UK had a negative news reporting long before the events and the 
worsening of the sentiment indices did not speed up with any of these events. Interestingly, in other 
cases, the sentiment of the British media (and the corresponding sentiment indices) did also react to 
single events, so, in general, this behavior is not unique to the German media. Rather, this is a phe-
nomenon for this specifi c Egyptian case. Th e reasons might be a much lower news presence of Egypt in 
British news and, so, a much lower interest or a diff erent judgment of the events in the British media.
In general, the UK and Germany have the same perceptions about most of the popular tourist desti-
nations for Europeans and the null hypothesis holds for most countries. In particular, the very high 
correlation for the USA and Greece ( > 0.99) shows that a high media coverage and many data points 
might lead to accurate perception data and a strong consensus. It might even show that the greater 
the number of news articles, the more accurate the overall perception of a country. Also, probably, 
stereotypes and prejudices might be wiped away in the presence of the much detailed information of 
many news items.
Interestingly, there are a few destinations with regard to which the perceptions diff er greatly. While some 
diff erences can be attributed to diff erent judgments of the same events — as the worsening sentiment 
for Austria in the British media in the aftermath of the refugee policy changes showed — other root 
causes remain unclear, and cannot be elaborated in the course of this study. 
Furthermore, the causal relationship between tourist arrivals and diff erent perceptions does not seem 
to be clear. Are there diff erent perceptions caused by fewer travelers or are there fewer travelers because 
of diff erent perceptions? Th e study shows that more tourist arrivals come along with more news in the 
countries of origin. Still, the diff erent perceptions cannot be explained with the diff erent number of 
news and the diff erences in the media coverage, as a comparison with Table 3 shows.
Conclusions
We are able to demonstrate that the perceptions of two of the most popular tourist destinations of the 
UK and Germany — Austria and Turkey — are diff erent for British and German travelers, and that 
there are also further diff erences for other countries. While this is an interesting fi nding, it is equally 
interesting that there is a strong consensus in perceptions for most of the countries that were analyzed. 
Th is shows, among other things, the common values and norms of the UK and Germany, since the 
same perception also requires the same judgments. 
While we are able to show that there is a clear relationship between media perceptions and tourist ar-
rivals, the direction of the causal relationship is less clear, and needs to be elaborated in future studies. 
We can show that the media reports that set the agenda for the citizens and forms their perceptions 
of the world have a strong relationship with many aspects of the tourism business and other sectors. 
Th e strong correlations between most of the country indices analyzed for the UK and Germany demon-
strated that we found a robust approach of measuring perceptions in a cost-eff ective way. Th is case study 
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can be extended to many other geographical areas and business sectors in order to further understand 
how perceptions drive opportunities and create threats for businesses, politics, and policymakers, and 
also probably how to mitigate these risks. Th e comparison of the diff erent perceptions among diff erent 
countries helps us understand the origins of these diff erent perceptions. Are they based on prejudices 
or stereotypes? Are they based on a too-optimistic or a too-pessimistic picture? Or are they just based 
on too little, or wrong information? Th e strong consensus of the sentiment in the media about the 
USA and Greece ( > 0.99), which were the countries with the most number of news items, can even 
be an indication that more information leads to less divergent perceptions. Answering these questions 
might help businesses obtain better insights into their global operations as well as enable policymak-
ers to query the international perceptions of their policies. Finally, and importantly, our approach of 
comparing perceptions might bring new insights into the fake news and post-truth debate.
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